In recent years, the correntropy instead of the mean squared error has been widely taken as a powerful tool for enhancing the robustness against noise and outliers by forming the local similarity measurements. However, most correntropy-based models either have too simple descriptions of the correntropy or require too many parameters to adjust in advance, which is likely to cause poor performance since the correntropy fails to reflect the probability distributions of the signals. Therefore, in this paper, a novel correntropy-based extreme learning machine (ELM) called ECC-ELM has been proposed to provide a more robust training strategy based on the newly developed multi-kernel correntropy with the parameters that are generated using cooperative evolution. To achieve an accurate description of the correntropy, the method adopts a cooperative evolution which optimizes the bandwidths by switching delayed particle swarm optimization (SDPSO) and generates the corresponding influence coefficients that minimizes the minimum integrated error (MIE) to adaptively provide the best solution. The simulated experiments and real-world applications show that cooperative evolution can achieve the optimal solution which provides an accurate description on the probability distribution of the current error in the model. Therefore, the multi-kernel correntropy that is built with the optimal solution results in more robustness against the noise and outliers when training the model, which increases the accuracy of the predictions compared with other methods.
Introduction
With the rapid development of powerful computing environments and rich data sources, artificial intelligence (AI) technology such as neural networks [1] [2] [3] , adaptive filtering [4] [5] [6] and evolutionary algorithms [7] [8] [9] has become increasingly more applicable for forecasting problems in various scenarios, such as medicine [10] [11] [12] , economy [13] [14] [15] and electronic engineering [16] [17] [18] . The methods have acquired high reputations due to their great approximation abilities.
Although AI methods perform well when solving real world problems, most corresponding models adapt the mean squared error (MSE) as the criterion for training hidden nodes or building the cost functions, assuming that the data satisfy a Gaussian distribution. Moreover, the MSE is a global similarity measure where all the samples in the joint space have the same contribution [19] . Therefore, the MSE is likely to be badly affected by the noise and outliers that are hiding in the samples and this happens commonly in applications, such as speech signals, images, real-time traffic signals and electronic signals from ill-conditioned devices [20] [21] [22] . Therefore, MSE-based models are likely to result in poor performance in real world applications. layer feedback networks (SLFNs) [58] [59] [60] . It has been proven that the hidden nodes can be assigned with any continuous probability distribution, while the model satisfies the universal approximation and classification capacity [61] . In particular, the extreme learning machine has been applied and received a high reputation for predicting production processes [62, 63] , system anomalies [64] , etc. [65] . In [66] , the authors first developed the correntropy-based ELM that uses the regularized correntropy criterion in place of the MSE with half quadratic (HQ) optimization which is called the regularized correntropy criterion for an extreme learning machine (RCC-ELM). Later, Chen et al. [67] extended the dimensions of the correntropy by combining two kinds of correntropy together to enhance the flexibility of the model to generate more robust ELM called ELM by maximum mixture correntropy criterion (MMCC-ELM). The experimental results show that the learning method performs better than the conventional maximum correntropy method. Although the RCC-ELM and MMCC-ELM possess high robustness compared with other ELM methods, the corresponding correntropy is constrained by no more than two kernels. The kernel bandwidth required for the assignments by users in advance is likely to degrade the model due to the improper description on the probability distribution of the signal with the correntropy.
To conquer the weakness of the existing correntropy-based ELMs, this paper focuses on providing a more robust predicting model with adaptive generation based on multi-kernel correntropy which can bring an accurate description of the current errors of ELM. This study developed a more flexible and robust forecasting ELM based on a newly developed adaptive multi-dimension correntropy using evolving cooperation. In the proposed method, the output weights of the ELM are trained based on the maximum multi-dimension correntropy with no constraints on the dimensions of the kernels. To achieve the most appropriate assignment of the parameters of each kernel in the correntropy, a novel evolving cooperation method is developed to concurrently optimize the bandwidths and the corresponding influence coefficients to achieve the best estimations of the residual errors of the model. Furthermore, the training approach has been developed based on the properties of the multi-dimension correntropy. The main contribution of the paper can be summarized as follows.
•
The proposed method develops a novel correntropy criterion with multiple kernels to improve the flexibility for depicting the probability distribution of the current error of the predicting model. Then, a convex cost function has been developed based on the multiple kernel correntropy, which can provide a more robust training strategy for ELMs, resulting in high performance on the predictions against noise and outliers. •
To accurately describe the probability distribution of the current error, the proposed method develops a cooperating evolution strategy to adaptively generate proper bandwidths and coefficients to suit the error distribution which enhances the accuracy on the approximation for the correntropy, leading to more robust training.
The experiments compare the performance of the proposed method and several state-of-art methods using both simulated data and real-world data, which show that the proposed method obtains more the robust predictions than other methods. Finally, the proposed method is incorporated into the forecasting model for the current transfer ratio (CTR) signals for the optical couplers, and it achieves high accuracies and robustness.
The rest of the paper is as follows. The next section introduces the framework of the proposed method and multi-dimension correntropy. Section 3 describes the evolved cooperation for the kernels with multi-dimension correntropy and Section 4 provides the training procedures of the forecasting model. Then, Section 5 estimates the performance of the proposed method using both simulation data and real-world applications. Finally, the conclusion is drawn in Section 6.
The Framework of the Proposed Method
The structure of the prediction model that is built using the proposed method is similar to those of other ELM-based methods. Figure 1 shows the basic structure of the method. Generally, the network includes one input layer, one hidden layer and one output layer. The hidden output is calculated using the given input vectors and the weights and the biases of the hidden nodes which are randomly assigned [54] :
where f (.) is the activation function and (w,b) are the weights and bias of the hidden nodes.
With the hidden layer, the network can simulate any kind of function by generating the output weights with the least mean squares (LMS) The cost function is calculated as follows [58] :
where T is the expected output and Y is the predicted output of the model. Y calculated with the hidden outputs h and the output weights β as follows:
Therefore, the output layer is calculated as follows:
Further, to constrain the output weights, the output layer is calculated as follows:
where λ is the constraining coefficient.
Although the output weights that are calculated by Equation (4) or Equation (5) can provide good predictions using the training data, the model has suffered with the outliers and noises in the data which negatively affect the predictions. To overcome the problem, the correntropy, as a high order similarity measurement, has been used in some recently developed methods.
In [62] , the cost function built using the correntropy as follows:
where G(t p − hβ) is the Gussian kernel calculated as follows:
where σ is the bandwidth of the kernel. Therefore, the output layer is calculated as follows:
where Λ is the diagonal matrix of the local optimal solution. It is calculated as follows:
To further improve the flexibility of the correntropy, the cost function with a mixed correntropy is defined in [67] as follows:
Therefore, the output is calculated as follows:
where the λ = 2Nλ and Λ is the diagonal matrix with elements calculated as follows:
Entropy 2019, 21, x 5 of 24 β = (H T ΛH+λʹI) -1 H T ΛT (11) where the λʹ = 2Nλ and Λ is the diagonal matrix with elements calculated as follows: With two coefficients, Equation (9) gives a more accurate estimation of the costs of the output layer, leading to a higher robustness of the model. Although Equations (7) and (9) can acquire better local similarity measurements compared with Equation (5), both criterions limit the correntropy into two kernels, leading to an inappropriate description on the probability distribution of the data. Additionally, the bandwidths and the coefficients must be assigned by users, thus limiting the performance of the corresponding model in real world applications which can be badly affected since the bandwidths are not suitable for the estimation of the correntropy. To provide a more flexible criterion for the training strategy with a more appropriate description of the probability distribution of the data, the proposed method develops a multi-kernel correntropy criterion that is calculated as follows:
where αi is the influence coefficients controlling the weight of each kernel. By using multiple kernels to construct the correntropy, the proposed method brings a more accurate approximation on the probability distribution of the samples, leading to a high prediction performance of the model. Based on the corretropy using Equation (13) , the proposed method built a convex cost function for training the output weights, which has been analyzed in Section 4. For the suitable assignments of the parameters in Equation (13), a novel generation strategy using an evolved cooperating process based on SDPSO with the MIE to generate the parameters adaptively has been developed. Therefore, the framework of the proposed method can be summarized in Figure 2 . The proposed method developed an evolved-cooperation strategy to generate the optimized solution of the influence coefficients and the bandwidths which suits the distribution of the prediction errors. To achieve an accurate estimation, the With two coefficients, Equation (9) gives a more accurate estimation of the costs of the output layer, leading to a higher robustness of the model. Although Equations (7) and (9) can acquire better local similarity measurements compared with Equation (5), both criterions limit the correntropy into two kernels, leading to an inappropriate description on the probability distribution of the data. Additionally, the bandwidths and the coefficients must be assigned by users, thus limiting the performance of the corresponding model in real world applications which can be badly affected since the bandwidths are not suitable for the estimation of the correntropy. To provide a more flexible criterion for the training strategy with a more appropriate description of the probability distribution of the data, the proposed method develops a multi-kernel correntropy criterion that is calculated as follows:
where α i is the influence coefficients controlling the weight of each kernel. By using multiple kernels to construct the correntropy, the proposed method brings a more accurate approximation on the probability distribution of the samples, leading to a high prediction performance of the model. Based on the corretropy using Equation (13) , the proposed method built a convex cost function for training the output weights, which has been analyzed in Section 4. For the suitable assignments of the parameters in Equation (13), a novel generation strategy using an evolved cooperating process based on SDPSO with the MIE to generate the parameters adaptively has been developed. Therefore, the framework of the proposed method can be summarized in Figure 2 . The proposed method developed an evolved-cooperation strategy to generate the optimized solution of the influence coefficients and the bandwidths which suits the distribution of the prediction errors. To achieve an accurate estimation, the bandwidth was generated based on switching delayed particle swarm optimization (SDPSO) [68] and the influence coefficients were calculated based on the cost function for estimating the probability distribution function of errors. The basic procedures of the method are as follows. Supposing that the input vector of the samples is represented as x = {x 1 , x 2 , . . . , x N }, calculate the output of hidden nodes with randomly assigned weights and biases as Equation (1) . Then, adapt the cooperating evolution technology for training the output weights. For each iterations of the evolution, the output of the predicting model can be generated using Equation (3) . Compared with the actual outputs, the predicted outputs result in current error e with the model. Based on the current error e, the proposed method makes the best assignments of the bandwidths in the correntropy with SDPSO and accesses the optimal coefficients based on MIE. This is shown in the next section. Using the generated correntropy, a list of diagnostic kernels can be calculated which effects the updating of the output layer to reach higher accuracy. This is presented in Section 4. The processes stop when the cost function of the model is stable.
Entropy 2019, 21, x 6 of 23 bandwidth was generated based on switching delayed particle swarm optimization (SDPSO) [68] and the influence coefficients were calculated based on the cost function for estimating the probability distribution function of errors. The basic procedures of the method are as follows. Supposing that the input vector of the samples is represented as x = {x1, x2, …, xN}, calculate the output of hidden nodes with randomly assigned weights and biases as Equation (1). Then, adapt the cooperating evolution technology for training the output weights. For each iterations of the evolution, the output of the predicting model can be generated using Equation (3). Compared with the actual outputs, the predicted outputs result in current error e with the model. Based on the current error e, the proposed method makes the best assignments of the bandwidths in the correntropy with SDPSO and accesses the optimal coefficients based on MIE. This is shown in the next section. Using the generated correntropy, a list of diagnostic kernels can be calculated which effects the updating of the output layer to reach higher accuracy. This is presented in Section 4. The processes stop when the cost function of the model is stable. More details are presented in the next section.
The Cooperating Evolution Process for the Bandwidth and Influence Coefficients of the Kernel
For the correntropy that is defined by Equation (12), the bandwidth and the influence coefficients are for the similarity measurements since the bandwidths act as the zoom lens for the measurements and the coefficients determine the effect that each kernel has on the estimation of the correntropy according to the assigned bandwidth. They are defined as follows:
Therefore, the bandwidth and the influence coefficients should be carefully assigned to match the probability distribution of the samples to achieve the best effect of the correntropy on generating the output weights of the prediction model. Since the correntropy depicts the probability distribution More details are presented in the next section.
Therefore, the bandwidth and the influence coefficients should be carefully assigned to match the probability distribution of the samples to achieve the best effect of the correntropy on generating the output weights of the prediction model. Since the correntropy depicts the probability distribution of the distance between the actual output and the model response, the bandwidth and the coefficients are able to form the probability distribution (pdf) function as follows:
In applications, the real joint probability distribution for the cases are unknown. Therefore, the joint pdf can only be estimated for a finite number of samples{(ti,yi)}, where i = 1, 2, . . . , N:
where g(S) is the cardinal number of the set S.
Using the kernel contrasts between the pdf estimated with the assigned parameters and the pdf estimated using the data, the least mean integrated error (MIE) can be calculated as follows:
Based on the MIE, the performance of the bandwidth and coefficients can be estimated using the contrasts with the pdf from the data. Therefore, the optimization of these parameters can be transformed to finding the solution with the minimum MIE.
In the proposed method, the switching delay particle swarm optimization is adapted to search for the best bandwidth. To achieve this, the particles are initialized with a list of potential bandwidth setting σc = {σ c,1 , σ c,2 , . . . , σ c,N }. With respect to each bandwidth of the particle, the velocities for the evolution of the particles are defined as follows:
Meanwhile, the influence coefficient is denoted as vector A:
where α i is the influence coefficient according to σ c,i. Since the samples provide disperse values of the outputs, the pdf from the data is estimated using the discrete version of Equation (16):
where the vector m = {m 1 , m 2 , . . . , m k } is a list of values that satisfy m 1 < m 2 < . . . < m k and |m i − m i−1 | = ε. ε is the step length of the estimation. Accordingly, the values from Equation (15) with respect to m are equivalent to the following set:
They can be calculated as:
where K is the kernel matrix, which is as follows:
By inserting Equations (20) and (22) into Equation (17), the following cost function can be obtained:
Then, the following differential equations with respect to A are calculated:
Therefore, the coefficient can be calculated using the assigned bandwidth as follows:
Since each particle contains one solution for the kernels' parameters, the personal best solution pσ and the global best solution gσ is updated by minimizing the costs. Then, the particles are updated as follows:
where c 1 (k) and c 2 (k) are the acceleration coefficients and τ 1 (k) and τ 2 (k) are the time delays. All the parameters are adjusted based on the evolution factor, Ef, which determines the evolutionary states, and it is calculated as follows:
where d g is the global best particle among the mean distance. It is calculated as:
With the estimate on Ef, the parameters can be selected as shown in Table 1 . Table 1 . The strategies for selecting the parameters.
State

Range of Ef
Jumping out Ef > 0.75
The final solution of the bandwidth and the influence coefficients are determined as the solution that minimizes the costs during the evolution procedures.
In summary, the cooperative evolution process is shown in Algorithm 1. First, the bandwidth and the corresponding velocity of each particle are randomly assigned. Then, for each iteration of the process, the influence coefficients are evolved using the bandwidth based on the MIE and the particles are updated using the cost function. Finally, the algorithm finds the best solutions for the bandwidth and the influence coefficients, from which the kernel depicts the pdf from the data. Based on the generated kernel, the correntropy can lead to a model with good robustness. Table 1 7: Update the swarm with Equations (27) and (28) 8: end for 9: Return the global best bandwidth gσ and the corresponding influence coefficients
Training the Extreme Learning Machine Using the Multi-Dimension Correntropy
To improve the robustness of the extreme learning machine, in the proposed method, the training procedure of the output layer as Equation (5), is replaced by the developed calculation using the mixture correntropy that is generated using the evolved kernel from Section 3. The loss function for the output layer is developed according to the following properties. Property 3. K(T,Y) involves all the even moments of e, which means the following:
Property 4. When the first bandwidth is large enough, it satisfies the following:
Proof. For lim x→0 exp(x) ≈ 1 + x, suppose that σ 1 is large enough, K(T,Y) can be approximated as follows:
that completes the proof. Proof. Build the Hessian matrix of the C-loss function L(e) with respect to e as follows:
The elements of matrix ξ is calculated as follows:
It is obvious that ξ i is positive. Therefore, L(e) is convex.
Remark 2.
Using Property 4 and Property 5, the loss function of the output weights is based on the empirical mixed C-loss L(e) from the data observations, which can be defined as follows:
Based on Equation (38), the training criterion is generated for improvement on the robustness of the model.
Taking the differential of the loss function, it is easy to get the following:
where
which provides the local similarity measurements between the predicted output and the actual outputs. When the training data contain large noise or many outliers, the corresponding diagonal elements are relatively low which induce the effects of such samples. Therefore, the algorithm can achieve high robustness against noises and outliers in the signals.
Since Equation (37) is a fixed-point equation because the diagonal matrix depends on the weight vector, the optimal solution should be solved by applying the evolved cooperation using Equation (37) . Therefore, combined with the kernel optimization in Section 3, the whole training process can be summarized in Algorithm 2, which is referred to as the ECC-ELM algorithm in this paper. 
Analysis on Time Complexity and Space Complexity of ECC-ELM
In this section, the time complexity of the proposed method is analyzed and compared with the other algorithms. The main time complexity of the ECCELM comes from the cooperating evolution process and the training process of the model. The cooperative evolution contains the calculations of the influence coefficients and the particles updating with the time complexity of O(I t NK 2 ), where I t is the number of iterations, N is the number of particles and K is the number of disperse values of the outputs. To train the ELM, the procedures share the same time complexity as the RCC-ELM and MMCC-ELM, which is O(I h N l (5M+M 2 )), where I h is the amount of iterations for training and N l is the number of training data. Additionally, M is the number of hidden nodes. Therefore, the time complexity of ECC-ELM is O(I h N l (5M+M 2 +I t NK 2 )), which is slightly higher than those of the RCC-ELM and MMCC-ELM but it satisfies the requirements in most applications.
With respect to the spatial complexity, the ECC-ELM has the same complexity as the prediction models using the RCC-ELM, which is O(N+(N+2)M+N l 2 ). Additionally, the space complexity consumed by evolving process is O(2N+K). Therefore, the space complexity of ECC-ELM is O(N+(N+2)M+N l 2 +2N+K), which has the same order as RCC-ELM and MMCC-ELM.
In summary, the time complexity and spatial complexity are practical for most applications.
Experiments
The Simulation of the Sinc Function with Sas noises
In this section, the simulation experiments using the Sinc function with random noises are presented. They compare between serval state-of-art algorithms with the proposed method, which are the R-ELM, the RCC-ELM, the MMCC-ELM and our method. The training and test samples were randomly assigned according to the Sinc function and random noises were added with respect to alpha-stable distribution. This is represented as follows:
where α is the scale of the function which is set to 8.0 and Sinc(x) is the Sinc function. The Sinc function is represented as follows:
Moreover, ρ is the noise that satisfies the following characteristic function [69] :
The parameters α, β, γ and µ are real and characterize the distribution of the random variable X. Here, the alpha-stable probability distribution function is denoted as S(α,β,γ,µ). In these experiments, the four parameters were assigned to three different conditions to provide three types of noises. The assignment of the parameters in each sample is presented in Table 2 . Each sample contained 200 data, with half of the data being used for training and another half for testing. To get a proper estimation of the performances of each method, the experiments were operated with the best optimization of parameters. This is presented in Table 3 . Each experiment was conducted 30 times and the averages were taken. The comparison of the accuracies of these algorithms is presented in Table 4 . Compared with other algorithms, the R-ELM and ECC-ELM achieve lower mean square errors due to the advantages of the correntropy. The performance of R-ELM is relatively poor due to the effect of noises. The performance of MMCC-ELM also improved by the correntropy. However, since the fixed dimension of the correntropy, the accuracy can be badly influenced by unnecessary assignments on the second order of the bandwidth. Furthermore, it is clear that the proposed algorithm achieves the lowest training MSE, which means that it is the most accurate method for simulation of the Sinc function. To further analyze the predictive abilities of these four algorithms, Figure 3 depicts the differences between the actual function and the predicted function for each algorithm. It is clear that all the algorithms achieve relatively good prediction on the Sinc function. However, the prediction results of the ELM have been badly influenced by the noises in all three samples. Additionally, the MMCC-ELM performance is poor on sample 2 and sample 3, which is probably due to the assignments with high dimension parameters. The RCC-ELM and ECC-ELM provide good predictions, which are almost identical to the actual functions in all three samples. The ECCELM has the closet predicted function with the Sinc function, which also proves that the method has high reliability against noise. Furthermore, an experiment on sample 1 was conducted to compare the cost function for the output weights with the MMCC-ELM and ECC-ELM since they share similar cost functions. The results are shown in Figure 4 , which show that the cost function of ECC-ELM is quite lower than the cost of MMCC-ELM. Additionally, the costs of the ECC-ELM become stable for less than 25 iterations for all three examples than MMCC-ELM. This shows the improvements on training the model with ECC-ELM taking the cooperating evolution technique. Since both algorithms finish the generation of Furthermore, an experiment on sample 1 was conducted to compare the cost function for the output weights with the MMCC-ELM and ECC-ELM since they share similar cost functions. The results are shown in Figure 4 , which show that the cost function of ECC-ELM is quite lower than the cost of MMCC-ELM. Additionally, the costs of the ECC-ELM become stable for less than 25 iterations for all three examples than MMCC-ELM. This shows the improvements on training the model with ECC-ELM taking the cooperating evolution technique. Since both algorithms finish the generation of the model when the cost function becomes stable, it can be concluded that the proposed model has faster convergence on training the prediction model. the model when the cost function becomes stable, it can be concluded that the proposed model has faster convergence on training the prediction model. Figure 5 illustrates the effects of the evolutionary process on the optimization of the kernel bandwidth and influence coefficients. From Figure 5 , it can be seen that the cost function for the kernel bandwidth quickly drops during the evolution process. Moreover, Ef continuously decreases during the process, which means that the particle swarm become stable and the best solution occurs. Figure 6 compares the actual pdf function and the estimated pdf function. It can be seen that the algorithm achieves a comparatively accurate estimation of the distribution of the errors. Figure 5 illustrates the effects of the evolutionary process on the optimization of the kernel bandwidth and influence coefficients. From Figure 5 , it can be seen that the cost function for the kernel bandwidth quickly drops during the evolution process. Moreover, Ef continuously decreases during the process, which means that the particle swarm become stable and the best solution occurs. Figure 6 compares the actual pdf function and the estimated pdf function. It can be seen that the algorithm achieves a comparatively accurate estimation of the distribution of the errors. The dynamic changes of the evolution factor (Ef) and costs during the cooperative evolution. Figure 5 . The dynamic changes of the evolution factor (Ef) and costs during the cooperative evolution.
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The Performance Comparison on Benchmark datasets
To further assess the proposed algorithm, the performance of the ECC-ELM and other methods were compared using the data set from the UCI machine learning repository [70] , awesome public dataset [71] and the United Nations development program [72] , which are listed in Table 5 . The assignments of the parameters are shown in Table 6 , all of which refer to the best performance of each algorithm. Each experiment was conducted 30 times and the average performance was reported. Servo  5  83  83  Slump  10  52  51  Concrete  9  515  515  Housing  14  253  253  Yacht  6  154  154  Airfoil  5  751  751  Soil moisture  124  340  340  HDI  12  93  93  HIV  10  65  65 The performance is compared in Table 7 , which shows that the proposed algorithm is able to achieve better prediction accuracies than other methods. Additionally, the performance of the proposed method is relatively stable compared with other correntropy-based extreme learning 
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The Performance Comparison on Benchmark datasets
To further assess the proposed algorithm, the performance of the ECC-ELM and other methods were compared using the data set from the UCI machine learning repository [70] , awesome public dataset [71] and the United Nations development program [72] , which are listed in Table 5 . The assignments of the parameters are shown in Table 6 , all of which refer to the best performance of each algorithm. Each experiment was conducted 30 times and the average performance was reported.
The performance is compared in Table 7 , which shows that the proposed algorithm is able to achieve better prediction accuracies than other methods. Additionally, the performance of the proposed method is relatively stable compared with other correntropy-based extreme learning machines. Figure 7 compares the actual output value and the predicted value for the Servo data set. It is clear that the predicted values are basically identical to the actual output values, and it has not been influenced by the outliers in the data.
To illustrate the evolutionary processes for optimizing the bandwidth, Figure 8 depicts the distributions of the particles and the evolution of the optimal solutions. It can be seen that the distribution of the particles dynamically changes based on the state of the PSO process. The optimal solution is adjusted and stabilizes during the process, which allows the optimal solution of the bandwidth assignments to generate a more accurate model. Figure 7 compares the actual output value and the predicted value for the Servo data set. It is clear that the predicted values are basically identical to the actual output values, and it has not been influenced by the outliers in the data.
To illustrate the evolutionary processes for optimizing the bandwidth, Figure 8 depicts the distributions of the particles and the evolution of the optimal solutions. It can be seen that the distribution of the particles dynamically changes based on the state of the PSO process. The optimal solution is adjusted and stabilizes during the process, which allows the optimal solution of the bandwidth assignments to generate a more accurate model. 
The Performance Estimations for Forecasting the CTR of Optical Couplers
Finally, to estimate the performance of a real application, the proposed method has been used to predict the current transfer ratio for optical couplers. This is one type of transmission device for electric signals and optical signals with wide applications to the isolation transfer of signals, A/D transmission, D/A transmission, digital communications and high-pressure control. For optical couplers, the CTR is an essential factor for estimating the operating status of optical couplers. In this section, the proposed method was used to give the predictions of CTR for the optical couplers to Figure 7 compares the actual output value and the predicted value for the Servo data set. It is clear that the predicted values are basically identical to the actual output values, and it has not been influenced by the outliers in the data.
Finally, to estimate the performance of a real application, the proposed method has been used to predict the current transfer ratio for optical couplers. This is one type of transmission device for electric signals and optical signals with wide applications to the isolation transfer of signals, A/D transmission, D/A transmission, digital communications and high-pressure control. For optical couplers, the CTR is an essential factor for estimating the operating status of optical couplers. In this section, the proposed method was used to give the predictions of CTR for the optical couplers to predict the health condition of the devices. 0.0032 ± 0.0011 0.0095 ± 0.0013 0.0007 ± 0.0001 0.0015 ± 0.0003 0.0006 ± 0.0000 0.0012 ± 0.0002 0.0006 ± 0.0000 0.0009 ± 0.0001 HDI 0.0004 ± 0.0001 0.0006 ± 0.0002 0.0001 ± 0.0000 0.0003 ± 0.0001 0.0001 ± 0.0000 0.0003 ± 0.0001 0.0001 ± 0.0000 0.0003 ± 0.0001 HIV 0.0376 ± 0.0220 0.0599 ± 0.0130 0.0050 ± 0.0017 0.0079 ± 0.0009 0.0047 ± 0.0006 0.0065 ± 0.0004 0.0059 ± 0.0007 0.0059 ± 0.0006
Finally, to estimate the performance of a real application, the proposed method has been used to predict the current transfer ratio for optical couplers. This is one type of transmission device for electric signals and optical signals with wide applications to the isolation transfer of signals, A/D transmission, D/A transmission, digital communications and high-pressure control. For optical couplers, the CTR is an essential factor for estimating the operating status of optical couplers. In this section, the proposed method was used to give the predictions of CTR for the optical couplers to predict the health condition of the devices.
For the experiments, the degenerating signals of four optical couplers were recorded and transformed into the samples historical CTR value as input vectors and the CTR value of the next time as the expected output. The training data was the samples that were generated from the optical couplers' records over the first ten years and the testing data were the samples that were generated from the last ten years. Figure 9 depicts the evolutionary process of the PSO procedure. It shows that the Ef value quickly decreases during the evolutionary process and stabilizes within 17 iterations, resulting in the optimal solution that is provided by the swarm.
Finally, the predicted results of the four optical couplers are shown in Figure 10 . It is clear that the generated ELM network accurately predicts the CTR value of each optical coupler and is robust with the noises of the signals. Therefore, the proposed method is able to achieve good performance for the optical couplers.
Entropy 2019, 21, x 18 of 23 Figure 9 depicts the evolutionary process of the PSO procedure. It shows that the Ef value quickly decreases during the evolutionary process and stabilizes within 17 iterations, resulting in the optimal solution that is provided by the swarm.
Finally, the predicted results of the four optical couplers are shown in Figure 10 . It is clear that the generated ELM network accurately predicts the CTR value of each optical coupler and is robust with the noises of the signals. Therefore, the proposed method is able to achieve good performance for the optical couplers. Figure 9 depicts the evolutionary process of the PSO procedure. It shows that the Ef value quickly decreases during the evolutionary process and stabilizes within 17 iterations, resulting in the optimal solution that is provided by the swarm.
Finally, the predicted results of the four optical couplers are shown in Figure 10 . It is clear that the generated ELM network accurately predicts the CTR value of each optical coupler and is robust with the noises of the signals. Therefore, the proposed method is able to achieve good performance for the optical couplers. Table 8 presents the numerical results of the CTR prediction, which compares the actual CTR and the predicted CTR. It is clear that the proposed method can very accurately provide the prediction on the state of Optical Couplers (OCs). Additionally, the time consumption is presented Figure 10 . The comparison with the predicted current transfer ratio (CTR) and actual CTR. Table 8 presents the numerical results of the CTR prediction, which compares the actual CTR and the predicted CTR. It is clear that the proposed method can very accurately provide the prediction on the state of Optical Couplers (OCs). Additionally, the time consumption is presented in Table 8 which shows that the proposed method is able to obtain high accuracy on the prediction of the future CTR of the OC and the predicting time is quite low within 5 ms. Therefore, the proposed method can achieve high performance on real applications. 
Conclusions
To improve the robustness of the forecasting model, the paper provides a novel correntropy-based ELM called the ECC-ELM. It uses a multi-dimension correntropy criterion and the evolved cooperation method to adaptively generate the parameters for kernels. In the proposed algorithm, SDPSO is integrated by minimizing the MIE to determine the proper bandwidths and their corresponding influence coefficients to estimate the probability distributions of the residual error of the model. A novel training process was developed based on the properties of the multi-dimension correntropy and it was able to build the convex cost function to calculate the output weights for the ELM. The experiments on the simulated data and real-world application were conducted to estimate the accuracy of the probability distribution of the signal and robustness on predicting the samples. The simulation results with the Sinc function proved that the proposed method can generate the multi-kernel correntropy with high accuracy on describing the probability distribution of the signals and fast converge on the evolution process. This leads to high robustness of the proposed method compared with the other methods. The performance comparisons on the benchmark datasets show that the proposed method can achieve higher accuracy and more stability than the other methods. Finally, the CTR prediction experiments show the proposed method can achieve high accuracy within acceptable time consumption on real world applications. Although the proposed algorithm has predictive advantages, there are still several limitations on the study. One limitation is the proposed method is only applicable for an ELM with one hidden layer, which requires extensions on multi-layer networks. The other limitation is that the proposed method only provides an offline training model. Therefore, how to update the online prediction model becomes another interesting topic for future research. The codes and data of the research are available at https://github.com/mwj1997/ECC-ELM. 
